Mathematical models have been very useful in reducing challenges encountered by researchers due to the inability of having solar radiation data or lack of instrumental sites at every point on the Earth. This work aimed at investigating the prediction performance of Hargreaves-Samani's model in estimating global solar radiation (GSR) out of the many other empirical models so far formulated for this purpose. This model basically uses maximum and minimum temperature data and basically used in mid-latitudes. was used for this purpose. Using this model shows a 95% index of agreement (IA) with the observed values; which suggests a good model performance and can also be used in estimating global solar radiation in the Savanna region particularly in areas with little or no such climatic data.
INTRODUCTION
The energy transferred from the sun in the form of radiant energy to the earth's surface is normally referred as the solar radiation. In any solar energy conversion system, the knowledge of global solar radiation is important for the optimal design and prediction of the system performance [1] . Thus, the urgent requirement for daily weather data such as minimum (T min ) and maximum(T max ) air temperatures, rainfall, and global solar radiation (GSR) become necessary in order to effectively model the tools or mechanisms involved in management of phenomena employing these weather data, such as those mentioned previously [2] . The potential amount of radiation that can reach the Earth's surface is determined by its location and time of the year. Due to differences in the position of the sun, the potential radiation differs at various latitudes and in different seasons.
The best way of knowing the amount of global solar radiation at a site is through recorded data. Daily solar radiation data are often required in agro-metrological calculations particularly in computing a water budget for irrigation or to run a crop growth simulation model but these are measured only at a few stations [3] . In fact, at global scale, the ratio of weather stations collecting solar radiation data relative to those collecting temperature data is estimated to be a ratio of 1:500 [4] .
Solar radiation data on the earth's surface is required for engineers, agriculturists and hydrologists in many applications. Solar energy is free, clean and inexhaustible source of energy. Its effective harnessing and utilization are of importance to the world especially at this time of rising fuel costs and environmental effects such as depletion of the ozone layer and greenhouse effect. The potential amount of radiation that can reach the Earth's surface is determined by its location and time of the year. Due to differences in the position of the sun, the potential radiation differs at various latitudes and in different seasons [2] .
A number of formulae and methods have been developed to estimate GSR. Many studies have been calculated to estimate incoming solar radiation in Nigeria [5] . Angstrom (1924) was the first scientist known to suggest a simple linear relationship to estimate global solar radiation.
Later on Prescott (1940) put the correlation in a convenient form as:
=a+b (1) Where:
Rs -the global solar radiation (MJ m Different models use different approaches for estimating the coefficient "a" and "b" [5] .
Hargreaves and Samani (1982) correlated solar radiation (Rs) with temperature and extraterrestrial radiation. Allen (1997), calculated mean global solar radiation following the work of Hargreaves and Samani (1982) , [5] .
HARGREAVES-SAMANI EQUATION
Based on the knowledge that the difference between the maximum (T max ) and minimum (T min ) air temperature is influenced by the degree of cloud cover, humidity and solar radiation [1] . Hargreaves and Samani (1985) used the phenomenon as an indicator of the fraction of extra-terrestrial radiation (Ra) that reaches the earth's surface namely global solar radiation (Rs). They formulated a model that is empirical in nature with the form: R s =R a K r (T max -T min ) 0.5
(2) Where T max and T min are the mean daily maximum and the minimum air temperature ( o C) respectively, kr is adjustment coefficient, which is empirical in nature and has different values for 'interior' and 'coastal' regions. For 'interior' locations, where land mass dominates and air masses are not strongly influenced by a large water body, k r is approximately 0.16. For 'coastal' locations, situated on or adjacent to the coast of a large land mass and where air masses are influenced by a nearby water body, K r is about 0.19. The extraterrestrial radiation, R a is given in Hargreaves and Samani (1985) as:
Where: Hargreaves-Samani model explicitly accounts for solar radiation and temperature. Although relative humidity is not explicitly contained in the equation, it is implicitly present in the difference in maximum and minimum air temperature. The temperature difference is linearly related to relative humidity [6] .
Other predictive modeling techniques which have been developed by Scientist in the past to predict thermal performance of solar energy system has shown that a knowledge-based machine learning model can help precisely predict the performances of some energy systems utilizing some simple independent variables as the computational inputs. With a proper machine learning algorithm, people only need to acquire a sufficient experimental database as well as perform the model training and testing, and then a predictive model can be acquired [7] .
Machine learning is a powerful technique for numerical prediction, classification and pattern recognition, which has been widely used in chemical, medical, biological, environmental and energy areas [8] . Fortunately, machine learning, as a powerful technique for nonlinear fitting, is able to help us precisely acquire the values of coefficient of thermal performance (CTP) with the knowledge of some easy-measured independent variables. With a sufficiently large database, a machine learning technique with appropriate algorithms can "learn" from the numerical correlations hidden in the dataset via a nonlinear fitting process and perform precise predictions. Machine learning as also proven to be a powerful technique during the past decades. Artificial neural network (ANN), as one of the most popular machine learning algorithms, has been widely applied to various areas. However, their applications for catalysis were not well-studied until recent decades [9] . Machine learning methods includes; Principles of an artificial neural network (ANN), Training of an ANN and Testing of an ANN [8] .
Support Vector Machine (SVM) is also a powerful machine learning method based on statistical learning theory. On the basis of the limited information of samples, SVM has an extraordinary ability of optimization for improving generalization. The main principle of SVM is to find the optimal hyperplane, a plane that separates all samples with the maximum margin. The plane helps improve the predictive ability of the model and reduce the error which occurs occasionally when predicting and classifying [10] .
MATERIALS AND METHODS
The study area, Yola is located on latitude 9. 
Model Testing and Assessment
Index of Agreement (IA) can be an alternative to r (correlation coefficient) and r 2 (coefficient of determination) [11] and IA is a relative and bounded measure, while r and r 2 are not consistently related to the accuracy of prediction [12] . The "high' or statistically significant values of r or r 2 may be misleading as they often are unrelated to the size of difference between observed (O i ) and predicted (Pi) values. IA determines the extent to which mean magnitudes of O i are related to the predicted deviations about O i , and allows for sensitivity toward differences in O i and Pi as well as the proportionality changes [1] . IA is given by
Also, index of agreement IA is a statistical measure of the correlation of the predicted and measured values [1] . The index of agreement calculated for the predicted and observed values in this study is 95%. This shows that there is very good agreement between the observed and predicted values of GSR, indicating a good model performance. for Yola. The correlation between the predicted and the observed global solar radiation Rs is 95%. The Index of Agreement (a measure of efficiency of a model) between the predicted and the observed monthly GSR values for Yola is 95%.
This study has evaluated Hargreaves-Samani model for estimating daily radiation in urban area such as Yola using minimum-maximum air temperatures adopted from meteorological station, Federal university of Technology, Yola to be handy. Also from the correlation, index of agreement results and the plot of observed and predicted values of global solar radiation the model has shown itself to be a robust and reasonably accurate method for estimating GSR also in the savanna region. The quality of these estimates varies with environment (urban-rural) and latitude, yet the errors expressed as RMSE between observed and estimated daily solar radiation were in the range of 0.1 to 0.26 MJm -2 day-1 and are not sufficiently significant. The model has the tendency to overestimate and under predict the lower and higher range of the observed distribution.
SUMMARY AND CONCLUSIONS
Considering the importance of global solar radiation and other climatological phenomena on the events on the Earth's surface including climate changes, agriculture (in the area of crop modeling), existence and so on, there is a need for methods which can estimate these variables with limited data. This paper evaluates one of such methods-Hargreaves-Samani model that estimates solar radiation from latitude and maximum and minimum air temperatures. An adopted minimum-maximum air temperature data from the meteorological station, Geography Department, Federal university of Technology Yola and used in Hargreaves-Samani model, resulted in predicted values that produced an index of agreement of 95%. This is an excellent indication that the model performs equally well in the savanna region; a place that the environmental conditions are quite different from that of the mid-latitudes. However, considering the uniqueness of climatological data in each month of a year and other environmental factors, the model should be subjected to further validation involving several months data running over six years.
